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ABSTRACT 
Purpose: The dynamic keyhole is a new MR image reconstruction method for thoracic and abdominal MR 
imaging. To date, this method has not been investigated with cancer patient MRI data. The goal of this study 20 
was to assess the dynamic keyhole method for the task of lung tumor localization using cine-MR images 
reconstructed in the presence of respiratory motion. 
Methods: The dynamic keyhole method utilizes a previously acquired a library of peripheral k-space datasets at 
similar displacement and phase (where phase is simply used to determine whether the breathing is inhale to 
exhale or exhale to inhale) respiratory bins in conjunction with central k-space datasets (keyhole) acquired. 25 
External respiratory signals drive the process of sorting, matching and combining the two k-space streams for 
each respiratory bin, thereby achieving faster image acquisition without substantial motion artifacts. This study 
was the first that investigates the impact of k-space undersampling on lung tumor motion and area assessment 
across clinically available techniques (zero-filling and conventional keyhole). In this study, the dynamic 
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keyhole, conventional keyhole and zero-filling methods were compared to full k-space dataset acquisition by 30 
quantifying (1) keyhole size required for central k-space datasets for constant image quality across sixty four 
cine-MRI datasets from nine lung cancer patients, (2) the intensity difference between the original and 
reconstructed images in a constant keyhole size, and (3) the accuracy of tumor motion and area directly 
measured by tumor auto-contouring. 
Results: For constant image quality, the dynamic keyhole method, conventional keyhole and zero-filling 35 
methods required 22%, 34% and 49% of the keyhole size (P < 0.0001), respectively, compared to the full k-
space image acquisition method.  Compared to the conventional keyhole and zero-filling reconstructed images 
with the keyhole size utilized in the dynamic keyhole method, an average intensity difference of the dynamic 
keyhole reconstructed images (P < 0.0001) was minimal, and resulted in the accuracy of tumor motion within 
99.6% (P < 0.0001) and the accuracy of tumor area within 98.0% (P < 0.0001) for lung tumor monitoring 40 
applications. 
Conclusions: This study demonstrates that the dynamic keyhole method is a promising technique for clinical 
applications such as image-guided radiation therapy requiring the MR monitoring of thoracic tumors. Based on 
the results from this study, the dynamic keyhole method could increase the imaging frequency by up to a factor 
of five compared with full k-space methods for real-time lung tumor MRI. 45 
Keywords: lung tumor; real-time imaging; thoracic MRI; image reconstruction; MRI-guided 
 
 
  
3 
 
I. INTRODUCTION 50 
The tumor motion of thoracic and abdominal regions affected by respiration varies both breath-to-breath and 
day-to-day1, 2, resulting in an averaging of the dose distribution over the path of the tumor motion and a shift of 
the dose distribution.3  In order to improve the quality of radiation delivery, external respiratory surrogates are 
often used to predict internal tumor motion4, 5 but the internal tumor motion does not always accurately correlate 
to the external surrogates due to breathing and heartbeat.6-8 In addition, tumor growth and shrinkage is expected 55 
throughout the course of radiation treatment.9  
Tumor motion monitoring2, 10-14 can provide tumor positions measured from implanted markers or 
surrogates for cancer radiotherapy,15 but there is not an appropriate method to consider tumor deformation due 
to the lack of tumor contrast required for tumor contouring resulted in the limitation of tumor delineation. In 
order to utilize the superior soft-tissue contrast of magnetic resonance imaging (MRI), radiation therapy systems 60 
integrated with MRI have been proposed for MRI guided radiation therapy16-20 and the Viewray system is 
commercially available for MRI guidance in clinical practice.20 MRI-based techniques20-22 monitor respiratory-
induced lung and abdominal organ motion at a rate of 4 Hz, however this is considerably slower for accurate 
prediction in the system latency (greater than 200 ms) between target location and radiation delivery,4 compared 
with 25 Hz for Cyberknife Synchrony (Accuray Incorporated, Sunnyvale, CA)14 and the external surrogate 65 
monitoring of 25 to 30 Hz for the real-time position management (RPM) system (Varian Medical System Inc, 
Palo Alto, CA).23, 24  
Given the advantages of MRI over other image modalities and tumor monitoring techniques and the 
emerging hybrid MRI-radiotherapy systems, optimizing the imaging speed of MRI for continuous, tumor 
monitoring is a valuable milestone for future hybrid radiotherapy systems. Zero-filling (filling unmeasured data 70 
points with zeros) and conventional keyhole (filling unmeasured data points with a previously acquired single 
full k-space dataset) are current MR image reconstruction methods designed to reduce MR image acquisition 
time, however such techniques often result in a compromise of image quality due to intensity loss in the zero-
filling method, and displacement and phase changes averaged intensity in the conventional keyhole method.25, 26  
Non-Cartesian undersampling such as radial27 and spiral28 can reduce image artifacts from motion sensitivity, 75 
but this still causes intensity loss due to interpolation at unmeasured points and out-of-field due to the limited 
diameter for a large field of view.29 The sensitivity of multi-receiver coils in parallel imaging leads to residual 
aliasing and noise enhancement artifacts30 and compressed sensing requires an iterative reconstruction31, which 
limits real-time thoracic and abdominal MR imaging. Hence, an MR image reconstruction method reducing 
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image acquisition time whilst maintaining the image quality of full k-space datasets on reconstructed images is 80 
desirable for real-time lung tumor monitoring. 
The previous study introduced the concept of the dynamic keyhole method and evaluated it using the MR 
images of healthy volunteers.32 This previous study imaged healthy volunteers utilizing the peak of liver dome 
for diaphragm motion monitoring, but the position of cine-MR image measurement can vary based on the tumor 
location of each cancer patient.33, 34 This study is hence required to assess (1) the dynamic keyhole method 85 
which reconstructs lung tumor MR images in the presence of respiratory-driven lung tumor motion and (2) the 
tumor motion difference and tumor area similarity between original and reconstructed images for the technical 
improvement of the dynamic keyhole method. 
In this study, we test that the dynamic keyhole method can reduce MR image acquisition time and improve 
image quality compared to currently available MRI reconstruction methods (zero-filling and conventional 90 
keyhole) in sixty four lung tumor datasets acquired from nine lung cancer patients. In addition, we assess the 
accuracy of the tumor motion and area in the reconstructed two-dimensional cine-MR images. Lung tumors 
directly measured by auto-contouring were compared between the original and the dynamic keyhole 
reconstructed images, in addition to the conventional keyhole and zero-filling reconstructed images.  
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II. METHODS 
The dynamic keyhole method is comprised of library acquisition (full k-space datasets) and central k-space 
dataset acquisition (central k-space datasets).32  A keyhole size, the size of the central k-space datasets is 
determined using the full k-space datasets (i.e. full k-space datasets = peripheral k-space datasets + central k-100 
space datasets (keyhole)) at similar respiratory states prior to the central k-space dataset acquisition.  Then, the 
central k-space datasets are obtained to be combined with the library of peripheral k-space datasets at the 
corresponding respiratory state in displacement and phase (where phase is simply used to determine whether the 
breathing is inhale to exhale or exhale to inhale). 
In the previous study,32 full k-space datasets were continuously obtained at a set acquisition interval (i.e. 105 
200 ms) over five respiratory cycles so that multiple full k-space datasets could be obtained for each 
displacement bin. This required extra time to process the multiple full k-space datasets acquired during the 
library acquisition phase of the dynamic keyhole method.  However, the current study optimized the library 
acquisition to allow only one full k-space dataset for each respiratory displacement bin. The following sections 
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describe lung tumor cine-MRI datasets, the optimized library acquisition of the dynamic keyhole method, and a 110 
retrospective reconstruction simulation to assess the dynamic keyhole method compared to the zero-filling and 
conventional keyhole methods for the task of lung tumor localization. 
 
II.A. Lung tumor cine-MRI datasets and external respiratory signals 
Two-dimensional (2D) coronal and sagittal cine-MR images for lung tumors were obtained in a 3 Tesla MRI 115 
(Skyra, Siemens Healthcare Erlangen, Germany).  For lung tumor images, a true-FISP (true fast imaging with 
steady state free precession) MR pulse sequence was used to acquire 512 images, one every 308 ms. Typical 
MR imaging parameters were repetition time (TR)/echo time (TE) = 3.8/1.3 ms, acquisition time = 308 ms, flip 
angle = 45°, field of view = 380 × 380 mm2, pixel size = 1.48 × 1.48 mm2, slice thickness = 4 mm, bandwidth = 
1500 Hz and image matrix = 256 × 256.  The real-time position management (RPM) system (Varian Medical 120 
Systems, Palo Alto, USA) was used to monitor the subjects’ abdominal respiratory motion to obtain external 
respiratory signals (25Hz). In this study, external respiratory signals obtained from the RPM were only utilized 
for the detection of respiratory displacement in a millimeter interval and respiratory phase (the inhalation and 
exhalation phase of each respiratory cycle) because the internal diaphragm visibility is often absent or limited on 
lung tumor images depending on lung tumor location. 27, 28 125 
Sixty four cine-MRI datasets with simultaneous external respiratory signals were obtained from nine lung 
cancer patients with informed consent under a local ethics board approved study. Seven patients had two 
separate imaging sessions on two different dates (pre and mid-treatment) and two patients had a single imaging 
session. Four datasets (coronal, sagittal, coronal and sagittal datasets) from the pre-treatment MRI session and 
another four datasets from the mid-treatment MR session were obtained. The images from the cine-MRI datasets 130 
were then converted to the full k-space datasets using the Fourier Transform.   
 
II.B. Optimized library acquisition and central k-space dataset acquisition 
The previous dynamic keyhole study (Lee et al, 2014)32 acquired one or more full k-space datasets for each 
displacement bin (a millimeter bin width). However, this study simply remove the duplicates from the library 135 
but in a way that would mirror an online implementation, i.e. keeping the first and removing subsequent full k-
space datasets that would fit into the bin. The library acquisition of the dynamic keyhole method was optimized 
to obtain the minimum number of full k-space datasets in five respiratory cycles. The optimized library 
acquisition is shown in Figure 1. 
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Figure 1. The optimized library acquisition of the dynamic keyhole method: (a) acquiring only one full k-space 
dataset at displacement bins (a set at 1 mm displacements), (b) sorting full k-space datasets into the 
displacement bins and (c) determining a keyhole size corresponding to the central k-space datasets of the full k-
space datasets for the library. 
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Continuously obtained external respiratory signals (40 ms) and occasionally obtained full k-space datasets 
corresponding to acquisition intervals (308 ms) were utilized in this retrospective simulation. The three key 
steps are described below. Compared to the previous dynamic keyhole study,32 Step 1 was modified to only 
allow one full k-space acquisition for each displacement bin and Step 3 was consequently simplified by 
processing one full k-space dataset for each displacement bin. 145 
 
Step 1 (Figure 1(a)): Displacement binning (a set at 1 mm displacements) using external respiratory signals 
(blue wave) was initiated at the first inhalation (or exhalation) of respiratory displacement. Then, full k-space 
datasets were obtained at acquisition intervals (horizontal dotted lines) and simultaneously allocated to 
displacement bins (vertical solid lines) where a displacement bin was similar to the displacement of the present 150 
external respiratory signals (blue wave). Only the first full k-space dataset for each displacement bin was 
obtained and subsequent full k-space datasets were not acquired to obtain the minimum number of full k-space 
datasets in five respiratory cycles. 
Step 2 (Figure 1 (b)): The full k-space datasets were sorted by the displacement bins, expressed as 𝐾𝑖, 
where 𝑖=1,2,…,𝑛, and also reconstructed using the 2D Fourier Transform, expressed as 𝐼𝑖, where 𝑖=1,2,…,𝑛.  A 155 
tolerance 𝑇 based on the pre-determined acceptable error fraction (𝛿)32 was determined, where 𝑇 is a fraction (𝛿) 
of the average pixel value of 𝐼𝑖 on a pixel-by-pixel basis. To minimize the intensity variation of pixel values 
between images, the intensity range of each image is equalized to a minimum and maximum range from 0 to 
255 for 8-bit images (i.e. stretching the histogram of the intensity range so a minimum value is 0 and maximum 
value is 255). 160 
Step 3 (Figure 1 (c)): To determine a keyhole size (𝑘) for 𝐾𝑖(𝑁), where 𝑘 is the size of central k-space 
datasets (𝑘=1,2,…,𝑁) and 𝑁 is 256 (the size of 𝐾𝑖), 𝐼𝑖 of 𝐾𝑖(𝑁) was compared to 𝐼𝑖+1 determined from 𝐾𝑖(𝑘) +
𝐾𝑖+1(𝑁 − 𝑘) in a loop of incremental 𝑘. In this study, 𝐼𝑖  and 𝐼𝑖+1 represent the present and next respiratory 
states and the difference between the two states indicates the maximum change of respiratory motion in a 
millimeter bin width. A keyhole size (𝑘) for 𝐾𝑖(𝑁) was consequently determined when the average pixel of the 165 
difference (𝐷𝑖𝑓𝑓) between corresponding images of 𝐼𝑖 and 𝐼𝑖+1 on pixel-by-pixel basis was below 𝑇. A small 
bin width obtaining more numbers of library datasets requires a long library acquisition time but results in a 
reconstructed image of better quality in a prospective implementation. 
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After this library acquisition, central k-space dataset acquisition began,32 and a keyhole size central k-space 
dataset was conjunct with a library through matching the similar displacement bin utilizing external respiratory 170 
signals. The motion trajectory of the tumor is unknown, however the five breathing cycles used to create the 
library will give an array of image from which the most appropriate to match to the image can be selected. 
 
II.C. Image reconstruction and quantification 
For the retrospective image reconstruction simulation, sixty four k-space datasets were used with three methods: 175 
zero-filling, conventional keyhole and dynamic keyhole. Prior to central k-space dataset acquisition, the three 
methods were followed by the step 1 and 2 of library acquisition but for the step 3, 𝐼𝑖 of 𝐾𝑖(𝑁) was compared to 
𝐼𝑖+1 determined from 𝐾𝑖(𝑘) + 𝐾𝑖(𝑁 − 𝑘) in a loop of incremental 𝑘, where 𝐾𝑖(𝑁 − 𝑘) was continuously filled 
with zeros for the zero-filling method instead of 𝐾𝑖+1(𝑁 − 𝑘) until the 𝐷𝑖𝑓𝑓 is below 𝑇. For the conventional 
keyhole method, 𝐾𝑖(𝑁 − 𝑘) was continuously filled with a single k-space dataset from a middle of the first 180 
respiratory cycle.  
After the retrospective image reconstruction, lung tumors were automatically contoured on original and 
reconstructed images using Otsu’s method36 which converts a gray scale image to a binary image in normalized 
intensity value that lies in the range [0, 1] and a region growing algorithm on the binary image. A single seed 
point on the tumor region was manually chosen on the first image of each dataset and the centroid of tumor 185 
contoured was used as a seed point of the next image until all images were segmented. The centroid of tumor 
motion was calculated using the mean of row and column positions where binary pixel values were equal to 1. 
The centroid and the area of contoured tumors were used for tumor motion and area, respectively. 
The performance of three methods in real-time central k-space dataset acquisition was compared to full k-
space dataset acquisition by quantifying (1) keyhole size required for central k-space datasets for constant image 190 
quality in the tolerance, indicating a small number corresponding to faster image acquisition; (2) intensity 
difference (i.e. intensity refers the numerical value of a pixel) in a constant keyhole size utilized in the dynamic 
keyhole method across the two other methods, indicating a small number corresponding to better image quality; 
and (3) the accuracy of tumor motion and area based on the images obtained in analysis (2).  Qualitative 
outcomes were compared using examples of the original and reconstructed images with contoured tumors. 195 
Quantitative outcomes of keyhole size, intensity difference, tumor motion difference using the centroid of tumor 
contour and tumor area similarity were compared using the mean and standard deviation (STD), and a paired 
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Student’s t-test.  The area similarity was quantified using the Dice index (i.e. 𝑖𝑛𝑑𝑒𝑥 = 2|𝐴 ∩ 𝐵| (|𝐴| + |𝐵|)⁄ , 
where 𝐴 is the original tumor area and 𝐵 is the reconstructed tumor area).  
 200 
 
III. RESULTS 
The performance of three methods measured in real-time dataset acquisition simulation varied in image 
acquisition, image quality and accuracy of tumor motion and area. 
 205 
III.A Image acquisition time with constant image quality 
Figure 2 shows reconstructed images using different keyhole sizes across the three reconstruction methods to 
achieve constant image quality from the original image in the tolerance. 
 
Figure 2. Reconstructed images of Patient 5 using different keyhole sizes required for constant image quality in 
the tolerance across three methods: (a) original image (256 lines) with full k-space data, (b) zero-filling 
reconstructed image, (c) conventional keyhole reconstructed image, and (d) dynamic keyhole reconstructed 
image.  Lung tumors were contoured on the reconstructed images using different colors: (a) original image 
(yellow), zero-filling (green), conventional keyhole (blue) and dynamic keyhole (red). 
To maintain the constant image quality from the original image of Patient 5, zero-filling, conventional 
keyhole, and dynamic keyhole required keyhole sizes of 100, 84, and 30 phase encoding lines, respectively.  210 
 
Figure 3 shows the keyhole size for constant image quality for the sixty four datasets across the three 
methods.  
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Figure 3. The keyhole size of three methods measured in central k-space dataset acquisition to produce constant 
image quality from the original image. The keyhole size measured in each dataset and over all datasets: (a) zero-
filling (ZF, green circle and dashed line), conventional keyhole (CK, blue square and dotted line) and dynamic 
keyhole (DK, red diamond and dashed with dotted line). Four datasets (coronal, sagittal, coronal and sagittal) 
from the first MRI sessions in Patient 5 (P5) and 8 (P8), and eight datasets from the first and second MRI 
sessions in the other patients. A smaller keyhole size indicates faster image acquisition.  
The keyhole size is the smallest in the dynamic keyhole method (red diamond) over all datasets and 
followed by the conventional keyhole method (blue square) and the zero-filling method (green circle). The 215 
keyhole size of the conventional keyhole method sometimes exceeded the keyhole size of the zero-filling 
method.  
 
Table 1 shows the mean and STD of keyhole size from the sixty four datasets of coronal and sagittal image 
orientations across the three methods.  220 
Table 1. The mean ± STD keyhole size (of 256 lines) of zero-filling, conventional keyhole and dynamic 
keyhole reconstruction methods from nine lung cancer patients. 
Methods 
Coronal 
Mean ± STD 
Sagittal 
Mean ± STD 
Average 
Mean ± STD 
Zero-filling 100 ± 1 108 ± 2 104 ± 2 
Conventional keyhole 83 ± 9 88 ± 8 86 ± 9 
Dynamic keyhole 55 ± 12 59 ± 12 57 ± 12 
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Compared to the original image acquisition, the dynamic keyhole method required image acquisition speeds 
of about 68 ms (22% keyhole size compared to full k-space datasets), 104 ms (34%) in the conventional keyhole 
method and 126 ms (41%) in the zero-filling method for constant image quality within the tolerance. The 
reduction in the keyhole size between the dynamic keyhole and both the zero-filling and conventional keyhole 225 
methods were statistically significant with a p < 0.0001 in both cases.  By having a keyhole size of 57 out of 256 
lines, the dynamic keyhole method can achieve 78% faster image acquisition than original cine-MR image 
acquisition, in addition to being 45% and 33% faster than zero-filling and conventional keyhole image 
acquisition time, respectively.   
 230 
III.B Varying image quality with constant keyhole size 
MR images of the three different reconstruction methods using a constant keyhole size of 30 lines in k-space are 
shown in Figure 4. Three reconstructed images were compared to the original image.  
 
Figure 4. Reconstructed MR images of (a) original full k-space image, as well as reconstructed MR images with 
a constant keyhole size of 30 of 256 phase encoding lines for (b) zero-filling, (c) conventional keyhole and (d) 
dynamic keyhole. (e), (f) and (g) display the difference (and percentage of difference) between original image 
and the reconstructed zero-filling, conventional keyhole, and dynamic keyhole images, respectively. Lung 
tumors were contoured on the reconstructed images in different colors: (a) original image (yellow), zero-filling 
(green), conventional keyhole (blue) and dynamic keyhole (red) methods.  
The reconstructed image was entirely blurred in the zero-filling method (see Figure 4(b)) and it was 
partially blurred at organ edges, such as diaphragm and heart in the conventional keyhole method (see Figure 235 
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4(c)), however, an image with fine and sharp organ edges was reconstructed in the dynamic keyhole method 
(see Figure 4(d)).   
 
Table 2 shows the mean and STD of the intensity difference between the original and the reconstructed 
images from the sixty four datasets.  240 
Table 2. Averaged intensity differences of the MR image and tumor itself between the original and the zero-
filling, conventional keyhole and dynamic keyhole reconstructed images. 
Methods 
Image intensity difference 
Mean ± STD 
Tumor intensity difference 
Mean ± STD 
Zero-filling 14.2 ± 2.9 11.8 ± 4.9 
Conventional keyhole 13.0 ± 2.0 13.1 ± 5.3 
Dynamic keyhole 11.6 ± 2.0 11.6 ± 4.5 
 
Compared to the original MR image, dynamic keyhole improved the image intensity difference by 2.6% (p 
< 0.0001) and 1.4% (p < 0.0001) over zero-filling and conventional keyhole respectively. Compared to the 
original image, dynamic keyhole improved the tumor intensity difference by 0.2% (p = 0.53) and 1.5% (p < 
0.0001) over zero-filling and conventional keyhole respectively.   245 
 
III.C Accuracy of tumor motion and area with constant keyhole size 
The performance of the three methods using the constant keyhole size of the dynamic keyhole method was 
compared for lung tumor motion and area.  Figure 5 shows examples of tumor motion and differences from 
Patient 6 who had substantial tumor motion. 250 
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Figure 5. The tumor motion of original (black dashed) and reconstructed images using a constant keyhole size 
based on the keyhole size of the dynamic keyhole method. (a) Zero-filling (green line), (b) conventional keyhole 
(blue line) and (c) dynamic keyhole (red line), and tumor motion difference (black line) between the two tumor 
motions from the original and reconstructed images.  
The dynamic keyhole tumor motion (red line) was visually comparable to the original tumor motion (black 
dashed) in Figure 5(c) but the conventional keyhole tumor motion (blue line) was a couple of data points larger 
in Figure 5(b) and several data points larger in the zero-filling tumor motion (green line) in Figure 5(a).  In 
terms of tumor motion accuracy, the tumor motion difference (black line), was minimal in the dynamic keyhole 
method compared to the conventional keyhole and zero-filling methods.  255 
 
Figure 6 illustrates examples of tumor areas contoured on the original and reconstructed images using a 
constant keyhole size based on the keyhole size of the dynamic keyhole method from Patient 5. 
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Figure 6. Tumor areas contoured on the original and reconstructed images using constant keyhole size: original 
image (yellow), zero-filling (green), conventional keyhole (blue) and dynamic keyhole (red). Image number (#) 
indicates the sequential order of MR images. 
The dynamic keyhole tumor areas (red) were visually comparable to the original tumor areas (yellow) in all 
the illustrated images. The zero-filling tumor areas (green) were considerably larger than the original tumor 260 
areas and the conventional keyhole tumor areas were slightly larger than the original tumor areas but it was 
often considerably larger shown in #3 and #9 of coronal images and #5 and #9 of sagittal images.  
 
Table 3 gives the overall of tumor motion difference using the centroid of tumor contour and area similarity 
using Dice index in the mean and STD from sixty four datasets. 265 
Table 3. The tumor motion difference and area similarity of zero-filling, conventional keyhole and dynamic 
keyhole images from original image in the mean and STD from sixty four datasets. 
Methods 
Tumor motion difference (mm) 
Mean ± (STD) 
Tumor area similarity (Dice) 
Mean ± (STD) 
Zero-filling 2.6 ± 4.7 0.904 ± 0.034 
Conventional keyhole 1.1 ± 2.8 0.928 ± 0.030 
Dynamic keyhole 0.3 ± 1.8 0.980 ± 0.012 
 
Compared to the original tumor motion, dynamic keyhole improved tumor motion difference by 2.3 mm (p 
< 0.0001) and 0.8 mm (p < 0.0001) over zero-filling and conventional keyhole, respectively. Compared to the 
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original tumor area, dynamic keyhole improved tumor area similarity by 0.52 (p < 0.0001) and 0.76 (p < 
0.0001) over zero-filling and conventional keyhole, respectively.  Compared to the original tumor motion, the 270 
accuracy of the dynamic keyhole tumor motion was measured at 99.6% and the accuracy of the dynamic 
keyhole tumor area was measured at 98.0%. The tumor motion difference and area similarity were minimized in 
the dynamic keyhole method compared to the other two methods. 
 
 275 
IV. DISCUSSION 
In this study, we evaluated the dynamic keyhole method32 which utilizes a library of previously acquired 
peripheral k-space datasets corresponding to multiple respiratory states that are combined with  keyhole size 
central k-space datasets at the closest respiratory state using external respiratory information. Using the dynamic 
keyhole method, we demonstrated the accuracy of the tumor motion and area as a function of acceleration factor 280 
through sixty four lung tumor image dataset reconstruction.  
Similar to the previous study of healthy volunteer dataset reconstruction,32 the dynamic keyhole method 
achieved 78% faster image acquisition than original image acquisition with improved image quality, which is 
essential for  tumor imaging in the presence of respiratory-induced tumor motion. As shown in Figure 3, there 
was some variation in keyhole size across image orientations (i.e. coronal and sagittal) and the patients; this was 285 
due to factors such as patient size, the magnitude of breathing motion, and breathing regularity in the dynamic 
keyhole method. The variation of keyhole size can cause different imaging speeds over image orientations and 
patients but this can be a trade-off between temporal and spatial resolution. The relationship between keyhole 
size and image size due to variations of patient size and image orientation will be investigated to determine an 
optimal keyhole size for variable image size in a future study. 290 
This study assessed the intensity difference between original and reconstructed images shown in Table 2.  
An intended average intensity difference was a fraction (10%) of the average pixel value but the measured 
intensity difference of the dynamic keyhole method was 1.6% greater than the intended average intensity 
difference due to the limited coverage of respiratory displacements in the library, which obtained from at the 
beginning of five respiratory cycles. In order to improve the limitation of the respiratory displacement coverage, 295 
library reacquisition or real-time update could be required if the breathing changes with a large breath or 
baseline shift, where there is no corresponding library dataset during treatment. 
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The accuracy of tumor motion and area was quantified and analyzed using the lung tumors directly 
measured from reconstructed images using auto-contouring.  A consistent tumor auto-contouring condition was 
used for both original and reconstructed images in order to investigate the dependency of reconstructed images 300 
within intensity difference in Table 2.  This study demonstrated that the dynamic keyhole tumors compared to 
the original tumors are consistent with 99.6% accuracy for tumor motion and 98% accuracy for tumor area in 
Table 3.  This provides evidence that the dynamic keyhole is a promising MR image reconstruction technique 
applicable for tumor imaging in thoracic and abdominal regions. 
Compared to the previous library acquisition of the dynamic keyhole method, the new optimized library 305 
acquisition reduced the number of full k-space datasets by 72% whilst maintaining the reconstruction 
performance of central k-space dataset acquisition in Table 1. To optimize the library acquisition of dynamic 
keyhole method in Figure 1, a number of full k-space dataset acquisitions were skipped at displacement bins in 
five respiratory cycles, possibly acquiring well-distributed library datasets at the displacement bins whilst 
controlling a library acquisition time and a respiratory bin width, when utilizes a respiratory-triggering 310 
technique.37 For example, more numbers of library datasets in sub-millimeter bin width could be acquired for 
better image quality to consider the size of human subjects and their respiratory displacement and period.  
The relationship between the raw (k-space) data and the resultant image is the Fourier transformation which 
enables to capture (or revert) the measurement of a single net magnetization vector located somewhere within 
the space in which phase and frequency encoding gradients are applied. In addition, temporal resolution (i.e. the 315 
duration of time for the acquisition of a single image) depends on fields of view and the number of data points 
across an image along the frequency (i.e. each transverse magnetization) and phase (i.e. location) encoding 
directions. Thus, this study utilized the k-space data (i.e. Fourier transformed MR images) in a retrospective 
reconstruction simulation and the number of k-space data points was measured to demonstrate the reduction of 
imaging speed, corresponding to the reduction of data points. However, the dynamic keyhole method should be 320 
prospectively tested in an experimental implementation prior to clinical uses.  
Real-time tracking6, 11, 38 has been developed to account for tumor motion variability and this can improve 
the uncertainty of the tumor motion variability, but the real-time tracking using lung tumor MR images21, 22, 39 is 
still under investigation due to a considerably long acquisition time. In addition, real-time tracking requires 
measuring tumor positions in near real-time and predicting tumor positions to allow for beam repositioning 325 
synchronized with a continuously moving tumor. However, the response of the beam repositioning to a tumor 
position cannot occur instantaneously.15 A prospective implementation of the dynamic keyhole method would 
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allow for more accurate motion prediction calculation to mitigate the inherent system latency, an accurate tumor 
position can be predicted in shorter intervals due to that accuracy degrades rapidly with longer delay intervals.4, 5  
The dynamic keyhole method, compared to iterative reconstruction can neglect MR image reconstruction 330 
time due to excluded computationally-intensive iterative calculations.  Compared to undersampling methods 
filling zeros at unmeasured points,25, 27, 28 MR images of full k-space datasets combined central k-space datasets 
with library at an appropriate displacement bin can be utilized to directly measure lung tumors on dynamic 
keyhole reconstructed images in sufficient accuracy of tumor motion and area.  The dynamic keyhole method 
could be applicable for real-time tumor imaging without an extra piece of equipment in a number of 335 
radiotherapy systems integrated with MRI.16-20  In addition, this could be applicable for real-time 3D and 4D 
MRI acquisition to overcome the issue of out-of-plane motion in 2D MRI.  In clinical implementation, the 
dynamic keyhole method could reduce scan times without compromising image quality for real-time thoracic 
and abdominal tumor motion tracking whilst possibly utilizing a variety of MR compatible respiratory sensors 
such as physiological measurement unit (Siemens Healthcare Erlangen, Germany) for cardiac and chest motion, 340 
bellows belts (Philips Healthcare, Best, The Netherlands) for chest and abdominal motion, and active breathing 
coordinator (Elekta Oncology Systems Ltd, Crawley, West Sussex, UK) for air volume. 
The dynamic keyhole method can be applied to MRI-guided tumor tracking required that an image of 
sufficient quality be utilized for real-time tumor imaging, a technique offering both fast and quasi-continuous 
image acquisition for MR image guidance. 345 
 
 
V. CONCLUSION 
In this study, the dynamic keyhole method utilized respiratory signals to improve lung cancer patient MR 
images in the presence of respiratory-induced tumor motion, leading to a 78% reduction of the time required for 350 
a full k-space acquisition method for lung tumor MR imaging, whilst maintaining image quality. In addition, 
this was the first study in which the dynamic keyhole MR image reconstruction was applied to lung tumor 
imaging. Our results demonstrate the dynamic keyhole method as a useful technique for image-guided radiation 
therapy and MRI-guided radiotherapy that requires real-time tumor monitoring in the thoracic and potentially 
abdominal regions. 355 
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